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multi-scale features for fine—grained circRNA-miRNA

Interaction prediction method of circRNA-miRNA based on multi-scale
dual attention
MA Xiupan,BAO Na,BAI Tao', WANG Wendong"

(College of Mathematics and Computer Science, Yan’ an University, Yan’an 716000, China)
Abstract: Circular RNA (circRNA) and microRNA (miRNA) are pivotal non—coding RNAs exerting vital roles in
gene regulation and disease pathogenesis. Exploring their interactions is critical for elucidating molecular regulatory
mechanisms and identifying potential biomarkers. However, existing computational methods suffer from data
sparsity and multi—source feature heterogeneity, and are limited to single—scale modeling and simple feature
concatenation, failing to capture feature interactions and multi-scale dependencies. To address these issues, this
study proposes MDACMI, a multi—source feature fusion method based on multi-scale dual attention. Specifically,
it uses multi—scale multi-head self-attention to capture intra—feature local and global dependencies, and multi-scale
cross—attention to build cross—source feature interactions, achieving deep fusion of circRNA and miRNA sequence,
attribute and behavioral features. Experiments on three public datasets show that MDACMI achieves accuracies of
0.917 7, 0.962 8 and 0.957 8, with AUC and AUPR both exceeding 0.97. Further t—SNE features analysis verifies
that this method has high reliability and practical value in the prediction of complex biological network.

Key words: circRNA-miRNA interactions; multi—source feature fusion; cross—attention mechanism; multi-head

self—attention



